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bine radiomics and machine learning algorithm to classify and predict the brain

Abstract: This paper propos
glioma. Based on BraTS2019 p
MRI (Magnetic Resonancg,I

et, 448-dimensional radiomics features of tumors are extracted from multimodal
ages, including tumor morphological features, first-order grayscale features, and
texture features, etc. The adiomics features are screened through the least absolute shrinkage and selection operator
(Lasso) algorithm. Finally, according to the best screened feature set, the random forest classification algorithm is used to
construct the brain glioma grading prediction Model. The accuracy of machine learning-based model is 95.6% and the area
under the ROC (AUC) is 0.99 in the training group, and 89.3% and 0.96 in the validation group, respectively. Application of
machine learning algorithm and radiomics realizes accurate prediction and classification of brain glioma level.
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Fig.1 Brain MRI image in BraTS2019 dataset
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Fig.3 Lasso coefficient distribution of 448 radiomics features
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Fig.4 Cross—validation results of Lasso regression model
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